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Abstract; Accurate identification and classification of pests under intelligent insect monitoring and
reporting lights are the prerequisite for realizing early warning of rice insect situation. In order to solve the
problems in image recognition of rice pests, such as dense distribution, small body size and susceptibility
to background interference, the recognition accuracy is not high. A lightweight MS — YOLO v7 ( Multi —
Scale — YOLO v7) based classification method for rice fly identification was proposed. Firstly, a rice
planthopper pest collection platform was built with a migratory pest trapping device, and the images of
rice planthopper were obtained to form the ImageNet dataset. Then the MS — YOLO v7 object detection
algorithm used GhostConv lightweight convolution as the backbone network to reduce the number of
parameters for model operation. CBAM attention mechanism module was added to Neck to effectively
emphasize the highly differentiated feature channels of rice planthopper, suppress redundant and useless

features, accurately extract key features of rice planthopper images, and dynamically adjust the weights of
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different channels in the feature map. SPPCSPS spatial pyramid modulewas replaced by SPPFS pyramid
module to improve the feature extraction ability of the network model. At the same time, SiLU activation
function was replaced by Mish activation function in YOLO v7 model to enhance the nonlinear ability of
the network. The test results showed that the mean average precision (mAP) , precision (96.4% ) and
recall (94.2% ) of the improved MS — YOLO v7 on the test set were 95.7% , 96.4% and 94.2% ,
respectively. Compared with that of Faster R — CNN, SSD, YOLO v5 and YOLO v7 network models,
mAP was improved by 2.1 percentage points, 3.4 percentage points, 2.3 percentage points and
1. 6 percentage points, respectively, and the balance score F1 was improved by 2. 7 percentage points,
4.1 percentage points, 2.5 percentage points and 1.4 percentage points, respectively. The memory
occupation, number of parameters, and number of floating-point operations of the improved model were
63.7 MB, 2.85 x 10", and 7. 84 x 10", respectively, which were scaled down by 12.5% , 21.7% , and
25.4% compared with that of the YOLO v7 model. The MS — YOLO v7 network model can realize high-
precision identification and classification of interspecific pests of rice fly, with good robustness, and it can
be used to realize the technical support for early warning of rice fly pest in paddy fields.

Key words: rice planthopper; image recognition; machine learning; target detection; classification;

XWX & BT MS—YOLO v7 () 2 RO REGH A 40 26 5 ik 213

YOLO v7

0 3|

QAU G KR 0 T E AL K R
AL REAE KA, TR KEE A T KR
AP BRSO A AL T AR L, IR
RN AR K R A B E R R AT E KR,
HOK R R bR R VI 2 T B R A 5 11 KR
A — BT R, S e KR R KRS
SRR KRR S s AR Y L R, o
BRI S [ A 2 1 R % HL A B R X TR v
TR 7 R SR R P SR BB HL S 9 9 1 i, 4 B A A
S HAREE X,

IR HRL A R A R K R 22 A 2R 7 Y T B
A, oSz B HUIE AR [ S, RS KRG PR AR A A 3
JLAEBIRF ST #E . RAHMAN %8 38 1l & CNN 22
Hay , R0 0 B B I 0 o0 S 35 Dok /A R0 119 RS 207 1
X A R HL R B 9 B R K B 95% , R E 5 VGG16
FAHE B9 RSF 45/ 98% , SARIN 281 1 iy 58 T 5
0 IR J3E e A R o PR 0 DI 0 1 S 3 1) e LA 26
7 i, o RS R A K Y BE Y RS JiE ik 87% . TSAL
a1V fE HSV 25 [l 45 B A K ROL #4736 40 M , R
TR R BV s R AT 43 25 AR B REl R IEA
AR [ 20 I Tk Hu S R 3 A 25 090 4% X e
TR 7K Y 4 80 ANREAR HEAT IR AR 1 1
B R B K B 90% 5 5% S 78 4 4 O R 45 10F {2
g R AT 4 2R B, Krawtchouk %0 42 BUAS K mLTE
SR A R (YR 0 %k 5 91, 7% | Bl oK P g 3 kL T
B AL BP M 4, % (175 R a8 G EUGR K
A 300 ASREASHEFT YR AR IR B0 R R
7 95% . FERMAE LT BP A PSO BRI
Gk o R L R AL B A SR ) HLS A R S 3

il

1800 K 5% e, 25 SR o V- 35 0 B R IR Gk ]
97% . frdiH: 2" AT ) R G R 5 SR 24X, 38
Py & = - iR R AN E BT R AR K= RP R G o b Rl B 5]
86.9% , 5 B Fg H R mEL Y 1 B AT B, AROME B
227 g K — SVD I 38 VE I 38 15 76 3 2 R 19
(RN ESEESIET B ey S O I W E | i
FPor 28, X A 280G iR 81 93.7% s FI AT R 2: )
1l Mask R — CNN % & @\ A1 HE fg € L 7 2 3851
K BE IR 3 92. 3% 5 F F 7 27 2] Fl SSD B8 32 % AN 5
G IO N i B A ST e~ SR 1 [ v
89.3% ., S LIRS T — & R (H 2 FE IR
i) B N A SR B O ATy 7 i — A

PRIt Sy i e e T P R 31 3 R G SIS T
ASCHEH — ML TR L MS - YOLO v7 9 2 R
FE QB BG4 28 5 i o i A R R
rhR R A D 4 A R N 22 RUBE SRR AR Rl R AR IE
TEUBIRG B2 1 TR R ek 20455 70 2 JORT 1580 i 4 o A A
) e PE iz AL fig

1 #MB5FE

1.1 FEHEGRE

TEBF A R B A BRZS R KCRS HUR I D00 e 2
L 2R Al TR 2 R Rl A SR BB AT B2 w] G [ 47F 4 1
TR B tR | s M 0 2R 5 0 E 5 R 1 AT T Al AT BR
A ) B KRR TR i P K R O AR R A A R
NEIRE

55 1R AR A I Y T BT ARE T AR
K R M DO 0 P R R L R R
AE 7K A FH 8], A0 v b Al S T IR 55 @ lDE IR,
FHEE kG BB DA DX 0 7 o o e e A 2 ) R 4 5
HAAL, 1B 0.5 h X Al A o A7 40 1, O A B A



214 & o Bl B ¥ i

2023 4

TRESHR AP ot s AL A Bl KGR B A 180° 4K 2
PEATFEAR A . A REA R B AE 1 PR,
F5 HUKT 4015 S A4 ] BT B

55 2 BB p 2R KRS F O Al A Wi gk L R
AR E E AT B 2 U SR IR ) - 15165 7
F HO A R, RSk O 2.5 x 107 R RE
ARG Sk MRS TE R BE U DI AT A OB IR S 2,
o P ] — D't A 2 S i 941 3 85 DA B2 0 P OO IR =
He, DIASTDL HORE IR T i TARBR B . B m A S
Wess B0 3,0 D 8 ML AN O 8 TE T EE S 9, Al
o 32, RAR M HE AEA I 2 o

1.2 ERE®SE

R B E A SR AEROR A SCR ] —F BT Haar —
like $54F "' Al AdaBoost 2 >J % i (14 % 43 %1 97 1,
AT A5 B BAR U REAS . 15 8 S RRAIE (e
RRAE PO RRAE RN A R R AE S Haar — like JH 2 4§
fiE, W 3 fin . HOR 3l a3 Haar — like FEAE 42 BT

iy
| ARTAC

a) HEHE (b) LRAERHE

2 @"ﬁﬂidllE(ﬁk%ﬂﬁ*ﬁ%ﬂﬂ*%iﬂ1¢$

Fig.2  Pest samples collected from Ji'nan Wuzhou Yellow River Rice Planting Base
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Fig.4 Pest segmentation effect
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Fig.5 Basic structure diagram of MS — YOLO v7 network model
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Fig. 10 Rice pest test data set
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